


Mark Snaith

Argumentation Research Group @ University
of Dundee (arg:Dundee)

Broadly — argument revision
About to enter my third year(!)

Previously: BSc (Hons) in Applied Computing
from same place

Developed first version of OVA (Online
Visualisation of Argument) as final year
project -


http://ova.computing.dundee.ac.uk/�

My research

= Justified argument revision in dialogue

= Applying belief revision principles (minimal
change) to argumentation systems
= Capturing unique features of argumentation

when deciding "minimal change" —
acceptability, defeat, semantics

= Combining into a model for argument revision

= Then applying to dialogue — commitments
and beliefs



(group website)

Twitter: @marksnaith
Email: marksnaith@computing.dundee.ac.uk


http://marksnaith.net/�
http://arg.dundee.ac.uk/�

Name: Evgenios
Surname: Hadjisoteriou
Email: csp7he2@cs.ucy.ac.cy
Institute: University of Cyprus, Dept. of Computer Science
Earlier Studies:

@ Undergraduate: Mathematics at National and Kapodistrian University

of Athens

@ Postgraduate: Logic at The University of Manchester
Now | am working with Dr. Antonis C. Kakas at the University of Cyprus.
My research interests are Computational Logic, Abduction, Argumentation
and Non monotonic reasoning. Previous work “Argumentation and
Temporal Persistence”.
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@ Understand Temporal Persistence via Argumentation
e Study this in the specific content of Language &

o Not all domains of F .

Language & are ——

> T i
consistent A=InF Obs =F
o Extend Language £ by introducing -F F
-F -F

new arguments for backwards A E—
persistence and persistence from AnE e

observations

Recover and also extend Language £, when same priority is assigned to
conflicting forward and backwards persistence arguments
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NEURAL-SYMBOLIC APPROACH TO THE THEORY OF METAPHOR
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Working hypothesis: metaphor as an interface

Reasoning over S

Mapping function properties

e RBM vs multilayer feedforward

learning vs reasoning

@ multiagent 'commitment’
perspective

Interface
fromTto S

@ Encapsulation and sw-reuse
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A Persuasive Dialogue Game for

Coalition Formation

Multi-Agent Systems, Dialogue Games, Argumentation,

Coalition Formation, Persuasion




Research Area overview

In Multi-Agent Systems (group of autonomous, rational and
interacting A.I.-like programs) protocols need to be developed
for the agents to join together (form a coalition) to achieve
goals (e.g. make money, promote values,....).

Argumentation allows agents to reason on their disputes in a
rational manner, logically shown with an argumentation
framework, with arguments that are attacked and defended.

Dialogue games (based on the theory of speech acts) allows
agents to build argumentation frameworks while interacting.

Persuasive dialogue games aim to convince other agents of
some viewpoint currently held.

How do I link these areas together. L0

/




My work

Allows agents to form teams (coalitions) in environments
where they share different incomplete views of the world and
different opinions on what is the best action to perform
(argumentation) by communicating their preferences
(dialogue game) and defending their opinions
(persuasion) if necessary.

Inferences from their environment can be clearly shown via a

argumentation scheme

Agents can learn from other agents utterances and change

their future moves accordingly.

Currently for a benevolent system but will be expanded to a

dynamic open environment.
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Neural-Symbolic Cognitive Agents:
Architecture and Theory

innovation
for life e —
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Neural-Symbolic Cognitive Agents:
Architecture and Theory
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y for life e —

INTERESTED IN THE FUTURE?
CHECK OUT MY BRAIN!







Come see it! It’s
gonna be fun!



MASSPA-Modeller: A Spatial Stochastic Process
Algebra modelling tool
ICCSW 2011

Marcel C. Guenther, Jeremy T. Bradley
Department of Computing, Imperial College London

September 26, 2011
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Introduction

Spatial population modelling:

» Systems Biology, Ecology, Performance Analysis, ...

Problem:

» CTMCs with enormous state spaces

Solution:

» High-level modelling languages: process algebras, stochastic
Petri nets, ...

» Moments approximating ODEs: E[Prey], Var[Predator]| [1, 2]



Introduction

» What if high-level descriptions become tedious?

Agent OnOff {
On = !(1.0,M,1.0).0£ff;
0ff ?7(M,1.0) .0n;

+;

Locations = {A,B,C,D,E,F,...};

OnGA
0ffeC

450; Offe@B
300; 0ff@D

450;
300;

Channel (On@A,0ff@B,M)
Channel (On@B,0ff@C,M)

1/450;
1/300;




[ ODTs
B

%&%@



Facial Expressions Facial Action Coding System (FACS)
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Facial Action Recognition using sparse appearance
descriptors and their pyramid representation

Testimage Pre-processing

I e
Classification result: :: Reduced : Feature vector:
S i Eopiss >
AUL:1AU2:0... ® feature i Concatenated histogram |
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Feature
selection
1
1

Bihan Jiang, Michel Valstar, Maja Pantic

Session 3: Thursday 29 September, *15:50 - 16:50%



Reduction of Variability in Split-Merge Systems

Reduction of Variability in Split-Merge Systems

Iryna Tsimashenka, William Knottenbelt

Imperial College London

September 29, 2011



Reduction of Variability in Split-Merge Systems

Context

e Example scenario: Automated warehouses.
Items

a Limited

Buffer

Orders 4 e Space
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Reduction of Variability in Split-Merge Systems

Context

e Example scenario: Automated warehouses.
Items

Order]

e Challenge: Determine optimal delay for each item in order so
that item for the same order arrive in output buffer at
approximately the same time.



Reduction of Variability in Split-Merge Systems

Special Point of Interest

Adding delays into a system can improve aspects of system
performance



Reduction of Variability in Split—-Merge Systems

Taste Of Results

cld)
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Bjorn Lellmann

» Working towards a PhD at Imperial College with
Dirk Pattinson

» Studied in Freiburg, Germany
Dissertation on complexity theory over arbitrary structures



Bjorn Lellmann: Works

Non-iterated Modal Logics

Axioms without nested modalities
Eg OT,0A— A (A— B)— (A> B), but not A— O0A

» How to turn sets of axioms into nice proof systems?
(i.e. cut-free sequent systems)

» Can we get generic decision procedures of good complexity?
(“plug in your axioms")

Parameterised Complexity Theory
Idea: isolate a parameter which makes a problem intractable



SAFE, FLEXIBLE RECURSIVE TYPES FOR FEATHERWEIGHT JAVA

Reuben Rowe
- Imperial College London

4™ Year PhD Student

Researching:
Object-Orientation
Type Systems
Denotational Semantics
Intersection Types



SAFE, FLEXIBLE RECURSIVE TYPES FOR FEATHERWEIGHT JAVA

Structural Types

J

Featherweight

i

Type inference
(Automated Program Analysis) Modal Types

/Recu rsive Types

|

The next big
thing ?

Termination



Department of Computer Science
University of Oxford

UNIVERSITY OF

OXFORD

Time-Bounded Verification of CTMCs Against
Metric Temporal Logic

Marco Diciolla

ICCSW 2011
Computing Student Workshop
29/09/2011
Imperial College

Joint work with : Taolue Chen, Marta Kwiatkowska and Alexandru Mereacre



Time-Bounded Verification of CTMCs
Against Metric Temporal Logic

Can | check that my airbag will
deploy on time?

A

—>

S UNIVERSITY OF

Complex system ...

Time constraints ...

Marco Diciolla




Time-Bounded Verification of CTMCs

Against Metric

emporal Logic

What can we do?

Model of the System :
Airbag

Property :
Airbag will always
deploy on time

% YES,/NO
Model Checker ﬁ @@

%

Marco Diciolla



2011 Imperial College Computing Student Workshop

Applying Algebraic Specifications on
Digital Right Management Systems

Nikolaos Triantafyllou, Katerina Ksystra, Petros
Stefaneas and Panayiotis Frangos

National Technical University of Athens

29-30t September 2011



2011 Imperial College Computing Student Workshop

Problems on mobile DRM systems and way to address them
using Algebraic Specifications

* Ambiguity of languages used e Abstract Syntax and

e Unverified Algorithms automated tools

e Bugs on Algorithms \ . Formal Specification and
N verification

e Lack of Interoperability * New approach using ideas

from algebra and formal
verification of desired
properties

* Institutions??

Applying Algebraic Specifications on Digital Right Management Systems
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Imperial College Ekaterina Abramova, Daniel Kuhn, Aldo Faisal
London

Combining Markov Decision Processes with
Linear Optimal Controllers

* Optimal Control (OC)
e Linear OC X1 = AX, +BuU,
e Non-Linear OC X1 =A(X )X, +B(X)u,

internal state reward

X

Gl A l environment

* Reinforcement Learning (RL): Markov
Decision Processes (MDPs)

b action §1
e

eeeeeeeeeeee
vvvvvvvvvvvvvvvvvv

observation

* Both have advantages and disadvantages



Imeeirial College Ekaterina Abramova, Daniel Kuhn, Aldo Faisal
onaon

Combining Markov Decision Processes with
Linear Optimal Controllers

 Combining RL with OC to produce RLOC

Motivation: evidence of OC used by the brain for motor
tasks and of RL used by the brain for learning

e Application: Robotic Control
and Neuroprosthetic Arm

x=(6,,6,,6,6,)"




‘Imperial College
London

Model-hased Self-Adaptive
Components: A Preliminary Approach

Pedro Rodrigues, Emil Lupu

Department of Computing
Imperial College London



Imperial College
London

Modern software systems are growing in terms of:
» scale
» complexity
» dynamicity
» heterogeneity

Only Human management
» deficient dependability level

Self-managing systems
» effective approach

Model-based adaptation
» improves reliability
» enhances trust



Imperial College
London

- Structural adaptation

- Centralised model

- Centralised decision-making
- Adaptation costs

- Behavioural evolution



Imperial College
London

See the presentation later on

Thank you



